The activity of fungicide agents containing a quinazolinone ring was described using the quantitative structure-activity relationship (QSAR) model by applying it to data taken from literature. The title compounds exhibit two important types of activity against certain fungal pathogens, i.e. activity against yeast and activity against filamentous fungi. A correlation between both antifungal activities (e.g. FA(yst) and FA(ff)) and physicochemical parameters such as the logarithm of the n-octanol/water partition coefficient (log P), the polarizability (P), the global minimum energy (TE), the energy difference between the frontier molecular orbital (DELH) and the molar refractivity (MR), was established using multiple linear regression. The molecular descriptors of the antifungal agents were obtained by quantum chemical calculations combined with molecular modeling calculations. Statistical analysis shows that the antifungal activity depends mainly on the calculated partition coefficients, log P, of the compounds. Bi-parametric models reveal that antifungal activity relates linearly to log P and P.
Introduction
Fast classification of the mycosis disease includes two main groups, i.e., superficial and systemic fungal infections [1] . During the 1980s and 1990s, the increase in the population of immunocompromised or human immunodeficiency virus infections was marked. The increased use of immunosuppressive agents in association with organ transplants, chemotherapy, and improved life-saving medical techniques necessitating indwelling catheters led to a substantial increase in the occurrence of serious fungal infections [2] [3] [4] [5] [6] [7] . The major contribution to the increase of systemic fungal infections is due to candidiasis and aspergillosis [8] [9] [10] . The antifungal drugs era started in the 1950s, when Amphotericin B was introduced. This drug belongs to the polyene antibiotics group and despite the complications caused and unique toxicity it is still applied now [11] [12] [13] . Over the last three decades, important progress has been made in the therapy of systemic fungal infections [14] . Remarkable progress started with the discovery of the azole class of antifungal agents. This class consists of two main groups: one having an imidazole moiety (e.g., Ketoconazole, Miconazole and Clotrimazole) and a second having a triazole moiety (e.g., Itraconazole and Fluconazole) [15, 16] . The imidazoles are limited to the treatment of superficial mycoses, whereas the triazoles have a high safety profile and a broad spectrum of applications in the treatment of both kinds of fungal diseases [17] . Nevertheless, only two drugs, i.e., Amphotericin B and Itraconazole, are currently available for clinical use. Their clinical efficacy in some invasive fungal infections such as Aspergillus fumigatus is generally disappointing [18] . Searching for a new systemic antifungal medication has shown to be a highly multifaceted and very expensive issue. In particular, quite frequently many potent drug candidates present good results for in vitro assays but completely fail when subjected to in vivo assays. A number of quantitative structure-activity relationship (QSAR) studies have been reported in the literature, which use calculated molecular descriptors in predicting anticancer [19] , antihistaminic [20] and CNS activity [21] , as a set of physicochemical, pharmacological or toxicological properties of substance. However, there are relatively few publications reporting on extensive QSAR analyses applied to antifungal species [22] [23] [24] [25] . Mathematical models that allow one to predict the biological activity of a substance should be very useful in the pharmaceutical industry to speed up the design of new compounds in an efficient way. Compounds bearing a quinazolinone moiety are well known due to their broad activity [26] . New compounds of this type are still under investigation [27] [28] [29] . Therefore, it is interesting to connect both moieties (triazole and quinazolinone) and investigate how the structural features of the resulting series affect a particular kind of activity. The objective of this work is to determine the quantitative relationship between structural parameters and antifungal activity of a series of azole fungicides containing different types of substituents on the quinazolinone unit in position 7. The QSAR equations for these compounds are presented and discussed.
Experimental Procedure

Quinazolinones Derivatives
The selection of a series of compounds is the first important step in any QSAR study. The standard method of the formulation of the QSAR equations is to compile the biological data on a range of analogues, which incorporate a series of substituents over a range of physicochemical property space. For a large number of studies reported in the literature, compounds for QSAR analysis were chosen based on intuition and/ or chemical knowledge [30] of authors. In the present study the compounds were chosen from the report published in 1998 by Bartroli and co-workers [31] . The source publications concern the synthesis of over 60 azole derivatives and their fungicidal activities. The aim of the synthesis of the first 25 compounds was to find the biologically most active substituent on the azole moiety, and it was shown that this is a quinazolinone group attached to the position 7. Another 10 compounds were just stereoisomers of compound 20, with chiral centers located on the azole part.
All these compounds are irrelevant components for our model, and were excluded from the investigated set. Note that since 2003, the antifungal agents with azole moiety were designed and enzymatic mechanism of their action was clarified. Additionally, docking experiments report similar bioactive conformation for fluconazole and some triazole antifungal alcohols as observed in its crystallized complex with receptor [32, 33] . Thus, the subset of 25 derivatives listed in Table 2 in [31] and Table 1 of this work became an appropriate set of compounds for a QSAR analysis.
Molecular descriptors and methods
In order to identify the effect of the substituents on the antifungal activity, QSAR studies of title compounds were performed.
(1) Biological activity data of the minimal inhibitory concentrations (MIC [in μg/ml]) from source reference were recalculated to μM/ml and converted to their logarithmic values (log 1/MIC), which are listed in Table 1 .
(2) For the molecular 3D structure calculations the CAChe Worksystem Pro (version 7.5.0.85) package was used. The initial acceptable three-dimensional structures of the quinazolinone ring derivatives at their neutral state and then the accurate structures were obtained through energy minimization routine with the Workspace, inside the CAChe Worksystem. The global minimum energy (or total energy, TE [in Hartree]) was obtained from a ZINDO calculation using INDO/1 parameters, of the geometry determined by an optimization, first with augmented MM2 and then with MOPAC (inside CAChe), using PM3 parameters. Force field calculations were used to ascertain whether the resulting structures were energy minima.
(3) The selection of the number of descriptors is the second important step in any QSAR study. The descriptors were selected on the basis of literature research that showed overall significance of physicochemical parameters for this kind of antimicrobial activity [34] [35] [36] [37] [38] [39] [40] . For descriptors calculations the CAChe Worksystem Pro (version 7.5.0.85) package was applied. The quantum chemical descriptors DELH (the energy difference [in eV] between the frontier molecular orbitals, E LUMO -E HOMO , E LUMO being the energy of the lowest unoccupied molecular orbital and E HOMO being the energy of the highest occupied molecular orbital) and P (the polarizability [in Å 3 ]) were calculated. All these descriptors were calculated using the CAChe Workspace (by using the semiempirical PM3 Hamiltonian as the energy operator). The CAChe ProjectLeader was used to calculate the following parameters from the energy-minimized structures: log P, the logarithm of the n-octanol/water partition coefficient, and MR, the molar refractivity. A detailed description of these descriptors can be found in the literature [41] .
Statistical analysis
The Multiple Linear Regression (MLR) analyses and correlation analyses were carried out using Statistica® (version 7.0) software. Using this information mono-and bi-parametric models can be formulated to find sets of descriptors correlated with biological activity.
Regression analysis is the use of statistical methods for modeling a set of dependent variables (FA) in terms of combinations of predictors (X n ). It includes methods such as multiple linear regression (MLR) and partial least square (PLS) [42] [43] [44] . In a MLR analysis the predictors in the regression equations should be independent variables of which the values are obtained directly from calculation or experiment. Formally, the mathematical relationship linking the chemical structure parameters and the bioactivity is
(1) where FA represent the fungicidal activities for our series of compounds, X 1 ,…,X n are the predictors, which are in our case chosen descriptors, b 0 is the intercept, and b 1 …b n are constants (also called regression coefficients) determining the independent contributions of each variable to the prediction of the dependent variable. In case of multiple regression the correlation coefficient R does not give any information about the direction of proportionality between a particular parameter and the dependent variable. This kind of information can be obtained, though, from the sign of the regression coefficient b i of the i-th parameter. If the b i coefficient is negative, then an increase of i-th predictor will result in a decrease of FA. The b 0 … b n were determined using the least-squares method, n being the number of the descriptors.
Every descriptor in the regression equation must be independent [45] . The correlation between each descriptor and another as well as the FA was calculated and is presented by a Pearson correlation matrix in Table 2 . If there are n independent variables, there a Number of compounds and substituents are taken from the Table 2 . in (Bartroli et al.) [31] are (2 n -1) values of correlation, calculated on each combination of two variables. In order to obtain equations such as Eq. 1 containing predictors X n , which are statistically valid, the number of molecule should be 4 or 5 times greater than the number of variable (descriptors) [46] . The combination of all important desriptors were considered. In this study the statistical quality of the regression equations was evaluated by parameters such as the correlation coefficient R, the squared correlation coefficient R 2 , the RMSE (Root-Mean-Squared Errors) and the variance ratio F. The statistical significance (p-level) of a result was determined as p ≤ 0.05. The best regression models were selected on the basis of the highest R and F values and the lowest RMSE.
Validation of the models
The models obtained in this work was validated by the calculations of the validated squared correlation coefficient (Q 2 ) values and the RMSE (Root-MeanSquared Errors) of cross-validation values (QS). The Q 2 values were calculated using general internal crossvalidation procedures such as the "leave-one-out" (LOO), "leave-many-out" (LMO) [47] [48] [49] [50] Table 3B .
All computations were performed on a HP-6200 wx workstation.
Results and Discussion
All mono-and multi-parametric equations which best fit the experimental data are collected together with the correlation, statistical and validation parameters in Tables 3A and 3B. In the numbering system of equations a particular abbreviation is used to indicate the type of activity against yeast and filamentous fungi. For the former we use the abbreviation yst and for the later ff.
In the preliminary analysis of the correlation matrix ( Table 2) , it is observed that FA had a better relation with log P, so the mono-parametric equations were obtained with log P as independent and FA as dependent parameters. In the case of a mono-parametric relationship we have found the best correlation between activity and log P for both kind of activities (2yst and 2ff). For Eqs. 2yst and 2ff we have found correlation coefficients of 0.820 and 0.694, respectively, which explains 67.3% of the variance in the FA(yst) data and 48.2% of the variance in the FA(ff) data. Nevertheless, ultimately this model does not give a satisfactory explanation of this relationship due to the disappointing statistics.
We have re-computed the dataset using bi-parameter equations (3yst and 3ff) and this time the best correlation was found for relationships incorporating the log P and polarizability (P) of the compound. This bivariate combination (log P and P) exhibited correlation between structure and observed properties, i.e., r = 0.923 for the FA(yst) and r = 0.854 for the FA(ff) as a function of log P and P, which explains up to 85.2% of the variance in FA(yst) data and 72.9% of the variance in FA(ff) data. As can be seen from these numbers, better correlations were obtained for activity against yeast than against filamentous fungi. The assessment of multi-parameter equations is based mostly on the analysis of statistical parameters. Both these equation are statistically correct, i.e.: high F and low RMSE (see Table 3A ). This indicates that the relationship linking log P and P and bioactivity reflect the relation between the measured quantities in the whole range of the analysis population. In this case the two types of antifungal activity are predicted by equations incorporating the same predictors. As it is seen from Table 2 the P does not correlate with log P this indicates that P and log P are independent predictors.
The linearity of equations 3yst and 3ff is supported by the uniform distributions of residuals as it is shown in the Fig. 1 . Correlation coefficients of residuals vs. log P as well as vs. P are very small 0.47 10 -7 and -0.2 10 -8 respectively which proves no interrelationship between the descriptors used in the equations. Plot of predicted activity vs. residual values was prepared in order to determine the existence of systemic error in the model development (Fig. 2) . The uniform distribution of residues in both 3yst and 3ff indicates no systemic error. Summing up the linear model (equations 3yst and 3ff) seems to be an adequate fit to the data, both Log P and P have p < 0.05 and one can conclude that both are independently associated with FA(yst) and FA(ff) respectively.
Eqs. 3yst and 3ff gives important information concerning the design of new antifungal compounds, i.e., the log P of a potent drug should be high, while its P should be as low as possible, because the signs of the regression coefficients are positive and negative respectively. For FA no better correlation could be found even when more descriptors were used in multiparameter correlations. At this stage we can expect that properties like MR, TE or DELH do not have any significant influence on both anti-yeast and antifilamentous fungi activity.
Usually, antifungal activity is correlated in QSAR with DELH and MR, but for this group of substances there is no significant correlation with these parameters. Pearson parameters for the relationship between log 1/MIC and DELH is -0.270 and -0.226 for the yeast and filamentous fungi, respectively. These parameters are even smaller for the relationship between log 1/MIC and MR (see Table 2 ). The MR is, obviously, strongly correlated with P (r = 0.971), however, statistical analysis revealed that in the case of multi-parameter equations the polarizability P gives a better fit with the experimental data than MR (see Table 3A ). The latter is treated as a measure of steric interactions of substituents and is connected to the volume of an atom or group of atoms. It is a constitutive-additive property that can be calculated by the Lorentz-Lorenz formula:
where n 2 is the refraction index (is define by the ratio of the speed of light in the sample to the speed of light in vacuum), M the molecular weight and d the density. The M/d term represents the molecular volume and (n 2 -1)/(n 2 + 2) introduces the correction for molecular polarization. The effect of the electric field of light on a sample is to polarize the sample. For the high frequencies only the polarizability of the molecule contributes to the molecular polarization. The polarizability of the molecule is given by
where ε r is the relative permittivity (define by the ratio of the dielectric constant for the compound ε to the dielectric constant of vacuum ε 0 ) and N A is Avogadro's number. ε r can be determined through n 2 . The difference between Eqs. 5 and 6 concerns the last factor in Eq. 6, which is a constant. That is why these physical quantities should be strongly correlated as molecular descriptors in QSAR. Eqs. 4yst and 4ff provide important information on the structure-activity relationships of these types of compounds at the molecular level, but they are not proper QSAR equations due to the low statistical significance. Taking into account Eq. 5 we can expect that for the analyzed set of substances, the relationship between the molecular volume and biological activity is negligible, while the polarization properties are important.
For all fitted equations cross-validation LOO, LMO procedure was performed and corresponding Q 2 and QS values are collected in Table 3B . As it can expected the beast validation parameters are obtained for the statistically most significant model. The plots of observed antifungal activity vs. predicted by Eqs. 3yst and 3ff are shown in Fig. 3 . These plots indicates that the models developed are adequate for the prediction of both antifungal activities, the Q 
Conclusions
In this work we have developed mathematical models for the prediction of the anti-yeast and anti-filamentous fungi activity of an triazole antifungal alcohols series of compounds containing various substituents on the quinazolinone ring at position 7. The resulting models display good fits with the experimental in vitro data, with correlation coefficients of 0.923 (3yst) and 0.854 (3ff) for the activity against yeast and filamentous fungi, respectively. Additionally the cross-validation coefficients (Q 2 ) reflecting the predictive power of a regression equations 3yst and 3ff Q 2 LOO are 0.809 and 0.606, and Q 2 LMO are 0.747 and 0.602 respectively. The Y-scrambling test proved that good statistics obtained for equations is not due to a chance correlation or structural dependency of the data set. The main purpose of this investigation was to determine physicochemical parameters which best describe biological activity of quinazolinone derivatives. The results obtained show that the antifungal activity of these compounds is mainly determined by the log P and P values. The biological activity against pathogenic yeast and some filamentous fungi increases with decrease of the P and increase of the log P of the agent. These parameters play an important role not only in the penetration and distribution phenomena but also in the interaction of compound with receptor. Higher logP value is required to cross the fungi cell membrane to reach the target enzyme. Substances best fulfilling these criteria are 7-halo-substituted quinazolinones. The substance with the highest in vitro activity is compound 20, which was supported by results investigations, reported between 2000 and 2008. A recent name of compound 20 is Albaconazol (UR-9825) [53] [54] [55] [56] and it is undergoing Phase II clinical trials, but its future is uncertain. Further investigation is needed in order to gain insight into the precise relationships linking chemical structure and pharmacological activity for fungicide substances in vivo.
